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Abstract: Wire arc additive manufacturing (WAAM) is an emerging technology
in the manufacturing industry, which uses a welding arc as an energy source to
fuse metal wire and deposit layer by layer. In order to promote its manufacture
precision, stability, and repeatability, it’s crucial to develop a feedback control
strategy for WAAM. This research implements vision-based feedback control for
the layer width during the WAAM process. A WAAM system is developed using
a robot and CMT welder with a visual sensing system. The dynamics of the layer
width in WAAM process is modeled experimentally. An ARX dynamic model is
built. Based on this model, a model predictive control (MPC) strategy is derived
to regulate the WAAM process. Feedback control experiments were conducted to
verify the tracking and robustness performance of the proposed MPC algorithm.
Keywords: Additive Manufacturing; Vision; WAAM; MPC; Feedback
control.

1. Introduction
Additive manufacturing (AM), also named as 3D printing or Directed Energy
Deposition, has made revolutionary changes to the modern manufacturing
industry. In comparison to traditional subtractive manufacturing, additive
manufacturing fabricates components layer by layer through adding material, in
forms of powder or wire. Thus additive manufacturing technology has extensive
application prospects in repairing and direct shaping due to its limitless freedom
in design [1]. Metal AM could be categorized according to its feedstock type
(powder bed, powder-feeding and wire-feeding) or heat source form [2] (laser
beam, welding arc and electron beam). Wire arc additive manufacturing (WAAM)
utilizes welding arc as the energy of fusion to melt metal wire, which has attracted
booming research interest during recent years [3]. Although the concept of
1

WAAM emerged in recent years, depositing the entire component using weld
metal has been in practice since 1925 [4]. Compared to other AM technologies,
WAAM advantages in aspects of high deposition rate. The deposition rate of
WAAM is able to achieve 50–130 g/min, while the deposition efficiency for laserbased processes is to 2–10 g/min. This advantage makes WAAM highly suitable
for fabricating large scale metal components [5, 6]. At the same time, it has the
advantages of low equipment cost, environmental friendliness and great
mechanical properties [3]. Due to those advantages, WAAM has wide prospects
of application in various industries, including aerospace [7], shipbuilding [8] and
architecture [9].
Recently, an increasing number of researches have been concentrating on WAAM,
especially in aspects of path planning, microstructure evolution and process
simulation. For example, Ding et al. developed an algorithm to plan optimal toolpaths for WAAM automatically [10]. Abe et al [11] used nickel-based alloy and
stainless steel to achieve dissimilar metal deposition for WAAM. Zhou et al. [12]
simulated the arc and metal transport in WAAM. However, the research effort on
monitoring and control for WAAM is still insufficient. During the WAAM
deposition process, various bead geometry may be required, especially for the
complex component. Besides, the tool path of WAAM is set before deposition,
which demands the bead geometry controllable. Otherwise, the depositing
accuracy and surface planeness can't be guaranteed. One way to control the bead
geometry is to establish a geometry prediction model offline. For example, Xiong
et al [13] proposed to use a neural network model to predict the bead width and
height for WAAM. Chen et al. proposed to utilize the XGBoost algorithm to
model the correlation between process parameters and the height of the MAG
welding bead. However, those offline predictive model can’t deal with the timevarying system and external disturbance. Especially when WAAM is deposited
by multiple layers and multiple paths, the heat accumulation phenomenon is
serious, thus the predictive model will inevitably mismatch. Besides, the
disturbance may appear during the WAAM process, such as the shift of machine
and environment disturbance. Therefore, a real-time feedback control strategy
needs to be developed for WAAM.
At present, the research effort on additive manufacturing process control mainly
concentrates on laser-based AM fields [14-17]. In current studies, feedback
control strategies for layer geometry in WAAM are still insufficient. Only several
researchers proposed the corresponding control method for the WAAM process.
Such as Doumanidis et al [18] developed a multi-variable adaptive controller for
the WAAM process, which is based on generalized one step ahead control
algorithm. Xiong [19] et al proposed to use a single neuron self-learning controller
2

to regulate the bead width during WAAM. Besides, a model-identification
adaptive controller (MIAC) was developed by Xiong [20] to control the bead
height during the WAAM process.
Model predictive control (MPC) has attracted extensive interest during recent
decades due to its robustness to model uncertainty and capability of dealing with
system constraints. Therefore MPC is suitable for AM process control. In welding
fields, MPC has been applied to control the welding penetration [21-25]and melt
pool morphology [26]. However, in the additive manufacturing field, there is still
no report that the MPC algorithm has been used to control the depositing geometry.
One of the main goals of this study is to introduce MPC to the reader and illustrate
its potential application in the field of metal additive manufacturing.
This paper is organized as follows. In section 2, the experimental equipment is
introduced, and the vision-based sensing system is presented. In section 3, an
experiment of system identification is designed, and the liner ARX model is
utilized to model the relationship between wire feed speed and bead width. Then,
the MPC algorithm is derived in section 4, and simulation is implemented. In
order to further test the tracking performance and robustness, experiments are
implemented and discuss in section 5. Section 6 concludes this paper.

2. Experiment system
The wire arc additive manufacturing system is shown in Figure 1, which consisted
of an ABB robot, a Fronius CMT welder, a vision-based sensing system, and a
computer used for controlling. The shielding gas consisted of 80% Ar and 20%
CO2. The wire is 0.9 mm diameter of mild steel. The robot control cabinet is used
for coordinating robot movements and welding processes. The real-time
adjustment of WFS (wire feed speed) is implemented by changing the analogy
input of the welder. The welding current and voltage were matched automatically
by Fronius CMT welder according to the WFS.
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Figure 1 Schematic diagram of the WAAM system

A passive visual sensor, which consisted of a CCD camera, 650 nm narrow-band
filter and dimmers was used to capture the bead images. This aims to restrain the
strong arc and infra-red radiation from high-temperature liquid metal. The hightemperature melt pool is in liquid form under the electric arc. Thus the deposited
layer geometrical dimension is still uncertain. Therefore, the CCD camera was
fixed at the backside of the welding gun, and the width of the tailing part of the
melt pool can be measured.
In order to reduce the computation and save CPU time, ROI (region of interest)
was extracted. During the WAAM process, the noise from arc light and
electromagnetic interference may deteriorate the quality of the image. Therefore
an adaptive wiener filter algorithm was used to restrain those noise. Then the edge
of the welding pool can be extracted, and width can be calculated. In this study, a
Canny Edge Detector was utilized to detect the edge. The flowchart of image
processing is illustrated in Figure 2. A simple calibration of the camera was
implemented. The relationship between the dimension in an image and the real
world in the width direction is obtained. The actual width of a single pixel in the
bead width direction is 0.03 mm/pixel. Therefore the actual width of the melt pool
can be calculated as the following equation.

4

𝑊𝑖𝑑𝑡ℎ𝑎𝑐𝑡𝑢𝑎𝑙 = 0.03𝑊𝑖𝑑𝑡ℎ𝑖𝑚𝑔

(1)

Figure 2 Flow chart of image processing

3. System identification
Normally, controllers are designed according to the dynamic characteristics of the
system. During the WAAM process, the WFS (wire feed speed) has the most
obvious effect on bead width. In this study, the WFS (wire feed speed) was chosen
as the system input, and system output was the bead width. In order to design an
ideal controller, the dynamic model, which describes the dynamic relationship
between system input and output, needs to be established.

Figure 3 system identification

Dynamic experiments were conducted. In order to achieve that input data
continuously stimulating the dynamic process, the WFS was designed to change
randomly. The system input of WFS varied randomly between 3-12 m/min, as
shown in Figure 3, and the corresponding melt pool width could be obtained.
According to previous related literature[19, 27], the sampling period in this paper
was set at 0.5s. Other experiment parameters are listed in Table 1.
5

Parameters

Value

Welding speed

5 mm/s

Ar (80%) and CO2 (20%) gas flow

25

Wire electrode diameter

0.9mm

Size of mild steel substrate

300×150×10

Table 1 experimental condition of WAAM

In most cases, the nonlinear model can be linearized to a linear discrete model. It
is well known that MPC strategies possess instinctive robustness properties, so
that accurate control can be achieved even though the main dynamic of a system
is approximated with low-order linear models. In this study, the controlled process
was modeled in the linear ARX form. ARX model can be expressed as:
𝐴(𝑧)𝑦(𝑘) = 𝐵(𝑧)𝑢(𝑘) + 𝑒(𝑘)

(2)

A(z) and B(z) are polynomials, and can be written as:
𝐴(𝑧) = 1 + 𝑎1 𝑧 −1 + 𝑎2 𝑧 −2 + ⋯ + 𝑎𝑛𝑎 𝑧 −𝑛𝑎

(3)

𝐵(𝑧) = 𝑏0 + 𝑏1 𝑧 −1 + 𝑏2 𝑧 −2 + ⋯ + 𝑏𝑛𝑏 𝑧 −𝑛𝑏

(4)

a(j), j=1,…, na

b(j), j=1,…, nb

[-0.493, -0.000041, 0.162, -0.092,

[0.166, 0.123]

-0.02, -0.046, -0.068, -0.02, -0.104]
Table 2 Model parameters

Where y (k) is bead width, and u (k) is WFS, z-1 represents the delay operator, 𝑛𝑎
and 𝑛𝑏 are structural parameters, 𝑒(𝑘) is the noise. The system identification was
implemented in MATLAB System Identification Toolbox. Figure 4 presents the
prediction result for an independent testing dataset. The parameters of the
identified dynamic model are listed in Table 2. The root means square error
(RMSE) of the ARX model for testing dataset is 0.474, which is calculated as (5).
It suggests that the layer width can be predicted by the model with acceptable
accuracy.
𝑅𝑀𝑆𝐸 = √

∑𝑁
̂ (𝑘)−𝑤(𝑘))2
𝐾=1(𝑤
𝑁

6

(5)

Figure 4 Validation of ARX model

4. MPC design
Model predictive control (MPC) has been considered as one of the most effective
control algorithms, which has gained wide industrial applications. Just as its name
indicates, MPC employs a dynamic model to estimate the future output of a
system. A cost function could be obtained from the predictive output and desired
output. Through optimizing the cost function, a set of input sequences could be
computed, but only the first control input is implemented to the controlled system,
according to the receding optimization strategy. The principle of MPC for
WAAM is illustrated in Figure 5.
MPC algorithm owns robustness properties naturally, therefore the main
dynamics of a system can be approximated with linear models. In this section,
based on the ARX model, the model predictive control strategy for WAAM bead
width is derived.

Figure 5 principle of MPC for WAAM

The ARX model (2) can be extended to 𝑛𝑗 steps and written as:
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𝑦(𝑘 + 1) + ∑𝑛𝑖=1 𝑎𝑖 𝑦(𝑘 + 1 − 𝑖) = ∑𝑚
𝑖=1 𝑏𝑖 𝑢(𝑘 + 1 − 𝑖)
𝑦(𝑘 + 2) + ∑𝑛𝑖=1 𝑎𝑖 𝑦(𝑘 + 2 − 𝑖) = ∑𝑚
𝑖=1 𝑏𝑖 𝑢(𝑘 + 2 − 𝑖)
⋮
𝑦(𝑘 + 𝑛𝑗 ) + ∑𝑛𝑖=1 𝑎𝑖 𝑦(𝑘 + 𝑛𝑗 − 𝑖) = ∑𝑚
𝑖=1 𝑏𝑖 𝑢(𝑘 + 𝑛𝑗 − 𝑖)

(6)

Separating the future input and output variables after instant K from past input
and output (before instant K), and (6) can be written in the matrix form:
1
𝑎
[ 1
𝑎2
⏟⋮

0
1
𝑎1
⋮

⋯
⋯
⋯
⋮

𝐶𝑎

𝑏1
𝑏
=[ 2
𝑏3
⏟⋮

𝑎1
0 𝑦𝑘+1
𝑎
0 𝑦𝑘+2
][ ⋮ ] + [ 2
𝑎3
0
𝑦
⏟⋮
⋮ ⏟ 𝑘+𝑛𝑝

𝐻𝑎

⃗ 𝑘+1
𝑦

𝑢𝑘
𝑏2
⋯ 0
𝑢
𝑘+1
⋯ 0
][
] + [𝑏3
⋮
⋯ 0
𝑏4
𝑢
𝑘+𝑛𝑝−1
⏟⋮
⋮ ⋮ ⏟

0
𝑏1
𝑏2
⋮
𝐶𝑏

𝑦𝑘
⋯ 𝑎𝑛𝑝+1
𝑦𝑘−1
⋯
0
][
]
⋮
⋯
0
⏟𝑦𝑘−𝑛𝑝+1
⋮
⋮

𝑎2
𝑎3
𝑎4
⋮

𝑏3
𝑏4
𝑏5
⋮

⃗𝑘
𝑢

⃖⃗𝑘
𝑦

𝑢𝑘−1
⋯ 𝑏𝑛𝑝
⋯ 0 ] [ 𝑢𝑘−2 ]
⋮
⋯ 0
⋮
⋮ ⏟𝑢𝑘−𝑛𝑝+1

(7)

⃖⃗ 𝑘−1
𝑢

𝐻𝑏

Expressing (7) in simple form:
𝐶𝑎 𝑦𝑘+1 + 𝐻𝑎 𝑦⃖𝑘 = 𝐶𝑏 𝑢
⃗ 𝑘 + 𝐻𝑏 𝑢
⃖⃗𝑘−1

(8)

Thus the future output 𝑦𝑘+1 can be expressed as:
𝑦𝑘+1 = (𝐶𝑎 )−1 (𝐶𝑏 𝑢
⃗ 𝑘 + 𝐻𝑏 𝑢
⃖⃗𝑘−1 − 𝐻𝑎 𝑦⃖𝑘 )

(9)

The implementation of an MPC typically needs to minimize a cost function [28].
The cost function is selected as (10):
2

𝐽 = 𝜆𝑄 ‖𝑅 − 𝑦𝑘+1 ‖

+ 𝜆𝑝 ‖∆𝑢‖

2

(10)

The first term in cost function penalizes the deviations between predicted output
𝑦𝑘+1 and reference trajectory 𝑅⃗ . And the second term is used to penalize the
change rate of input. 𝜆𝑄 and 𝜆𝑝 are positive-definite weight factors, which
represent the relative contributions of these two terms, and influence the outcome
of optimization. When 𝜆𝑝 increases, ∆𝑢[𝑘] will decrease. In this study, 𝜆𝑄 = 1,
𝜆𝑝 = 0.1.
If the liner model is not expressed in incremental form, ∆𝑢
⃗ can be express as (11):
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𝑢(𝑘) − 𝑢(𝑘 − 1)
⋮
∆𝑢
⃗ =[
]
𝑢(𝑘 + 𝑛𝑐 − 1) − 𝑢(𝑘 + 𝑛𝑐 − 2)
⋮
1
0
0 ⋯ 0
1
−1 1
0 ⋯ 0
0
= 0 −1 1 ⋯ 0 𝑢
⃗𝑘 − 0
⋮
⋮
⋮
⋮
⋮
⋮
[0
[0
0 ⋯ −1 1]

0 0 ⋯ 0
0 0 ⋯ 0
⃖⃗𝑘
0 0 ⋯ 0 𝑢
⋮ ⋮
⋮ ⋮
0 ⋯ 0 0]

= 𝐶𝑓 𝑢
⃗ 𝑘 − 𝐶𝑝 𝑢
⃖⃗𝑘−1

(11)

𝑛𝑐 is the control horizon, 𝑛𝑗 is the predictive horizon. The control horizon is the
number of steps after that the control input will be constant when estimating the
future output of the system. Substitute (9) and (11) into (10), the cost function can
be expressed in:

𝐽 = 𝜆𝑄 ‖𝑅 − (𝐶𝑎 )

2

−1

𝐶𝑝 ⃖
𝑢

𝑘−1

‖

(𝐶𝑏 𝑢 + 𝐻𝑏 ⃖
𝑢𝑘−1 − 𝐻𝑎 ⃖
𝑦𝑘 )‖ + 𝜆𝑝 ‖𝐶𝑓 𝑢 −
𝑘

𝑘

2

(12)

The optimization of the cost function is constrained, because of the allowable
ranges of both outputs and input variables. In this study, the input is constrained
by the limitation of the welding machine. The control input WFS is constrained
as:
𝑢
⃗ 𝑚𝑖𝑛 ≤ 𝑢
⃗𝑘 ≤𝑢
⃗ 𝑚𝑎𝑥

(13)

Therefore, the solution of 𝑢
⃗ 𝑘 is a quadratic programming problem (QP) [29].
Writing the cost function and constrain in QP form:
Minimize:
1
2

Subject to:

𝑢
⃗ 𝑘𝑇 𝐻𝑢
⃗ 𝑘 + 𝐹𝑢
⃗𝑘
𝐴𝑢
⃗𝑘 ≤𝑏

In above,
𝐻 = 2𝜆𝑄 𝐶𝑎−1 (𝐶𝑎−1 )𝑇 𝐶𝑏 𝐶𝑏𝑇 + 𝜆𝑃 𝐶𝑓 𝐶𝑓𝑇
𝐹 = 2𝜆𝑄 𝐶𝑎−1 (𝐶𝑎−1 )𝑇 𝐶𝑏 (𝐻𝑏 𝑢
⃖⃗𝑘−1 − 𝐻𝑎 𝑦⃖𝑘 ) − 2𝜆𝑝 𝐶𝑓 𝐶𝑝 𝑢
⃖⃗𝑘−1 − 2(𝜆𝑄 ⃗R𝐶𝑎−1 𝐶𝑏 )𝑇
𝑢𝑚𝑎𝑥
𝐼
A = [ ] , 𝑏 = [−𝑢 ],
−𝐼
𝑚𝑖𝑛
9

(14)

At present, Many QP solvers are available, such as CVX [30], MTP[31] and
YALMIP[32]. In this study, the control program was developed in C# language
to communicate with different equipment (sensors, robot and welding machine)
and implement real-time computation. A C# mathematics library
(CenterSpace.NMath [33]) was applied to solve the QP optimization problem
real-time. CenterSpace.NMath library is a convenient commercial mathematical
class library, which is fast in running and easy for implementation. After testing,
it’s found that the computing time for solving QP problem in our C# program is
120-150 ms.
At every step, H and F will be updated, and then optimization can be implemented
to calculate control input WFS. The whole MPC algorithm for WAAM bead width
control is illustrated in Figure 6. When getting the optimal control input sequence
through solving the QP problem, only the first item of the input array is actually
implemented to the plant, and the rest of the optimal input is neglected. At the
next time instant, the procedure of the proposed algorithm is repeated; A newly
measured 𝑦𝑘 is applied as an initial condition, with the cost function (12) moved
one step ahead according to the receding horizon principle [21].

Figure 6 Algorithm flowchart of MPC in WAAM
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4.1 Controller simulation
In order to validate the effectiveness of MPC for WAAM bead geometry control,
a simulation was implemented and compared with the traditional PID controller.
The performance of the PID controller relies on the tuning of controller
parameters. In this paper, the PID tuner toolbox in MATLAB was used to
optimize the parameters of the PID controller. The result shows that when the
parameters of the PID controller are optimized as 𝐾𝑝 = 1.5, 𝐾𝑖 = 0.2, 𝐾𝑑 =
−0.15, the best tracking performance can be achieved.
As illustrated in Figure 7, the simulations of tracking varying set point and
resisting disturbance were performed. Comparing the performance of the
developed MPC controller with the traditional PID controller, it can be found that
the MPC controller has an obvious smaller overshoot than PID, while the settling
time of MPC and PID are almost the same. In order to evaluate the effectiveness
and robustness of the proposed MPC controller furtherly, the tracking and robust
testing experiments will be implemented in the next Section.

(a)
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(b)
Figure 7 Simulation results (a) tracking varying set point (b) Disturbance resistance

5. Experiment results
To further validate the tracking performance and robustness of the proposed MPC
algorithm for layer width control in WAAM, closed-loop control experiments are
implemented. Welding beads were deposited on a substrate, which is a steel plate
of 300×150×10. Er70s6 mild steel wire was utilized as the weld consume material.
Ar (80%) and CO2 (20%) shielding gas were utilized for protecting at a flow rate
of 20 L/min. Besides, the welding speed was fixed at 5 mm/s.
First of all, the performance of the MPC controller for tracking various desired
values is verified by the experiment. As shown in Figure 8, the reference point is
set to increase from 6mm to 9 mm. It can be seen that the MPC is able to track a
higher set-value with little overshoot and acceptable speed. Besides, the MPC
controller is able to track a lower reference point. As illustrated in Figure 9, when
the reference point decrease from 8.5 mm to 5.5 mm, the controller is capable of
tuning the WFS according to bead width feedback, and the bead width could be
controlled at desired set-points. From the above experiments, it can be seen that
this proposed MPC algorithm is capable of controlling the process with good
effect.

12

(a)

(b)

(c)
Figure 8 Performance of tracking increasing set-point

(a)

(b)
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(c)
Figure 9 Performance of tracking decreasing set-point

Furthermore, the robustness of this MPC controller is evaluated by introducing
the WFS disturbance. During the WAAM process, the WFS was switched to a
higher value at t=7s, and then the bead width began to decrease. At the next
sampling instant, the change in width will be fed back to the controller, and then
the MPC controller will adjust the WFS to make the width return to the desired
set-point. The system input and output under WFS disturbance are illustrated in
Figure 10. It can be observed that the controller was capable to deal with the
disturbance and maintain the layer width to the desired value. It took 3 sampling
intervals to implement the resistance of disturbance with a small overshoot. Due
to the intrinsic delay nature of metal melting and flowing process in WAAM, it
took a relatively long time to achieve steady-state response to the change of input
signal. Also, due to the strong disturbance, the overshoot was generated during
the adjusting process, and it need to take one sampling interval to eliminate the
deviation of overshoot. Therefore, 3 sampling intervals were needed to achieve
the rejection of the disturbance. This experiment was designed under a special
case to verify the robustness of the proposed controller. In practical application,
there is little chance to generate such a strong disturbance. Therefore the
controller’s robustness performance is acceptable in WAAM application.
Figure 11 presents a width-varying wall, which is deposited under the control of
the proposed MPC controller. Figure 12 presents the layer width and used WFS
in the 1th layer, 2th layer, 6th layer and 8th layer during deposition. It can be seen
that the layer width can be controlled well in each layer. With the increase of
deposited layers, the WFS used to maintain the same layer width has a slight
declining trend. This can be explained by the change of thermal boundary for
different layers during the deposition process.

14

(a)

(b)

(c)
Figure 10 Performance of disturbance resistance

Figure 11 Width-varying wall

(b)

(a)

Figure 12 Control output and input (a). Layer width (b). WFS
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6. Conclusion
This study aims to apply the MPC algorithm to control the layer width during the
WAAM process. The welding pool images were captured by a passive visual
sensor. Image processing algorithms, such as the adaptive wiener filter and the
Canny algorithm, were utilized to obtain vital information. A linear ARX model
was identified through the least-squares algorithm. An optimal MPC controller
was designed to control the layer width. Simulation results show its effectiveness
in tracking performance and robustness is better than the traditional PID controller.
Various tracking experiments were implemented to further validate the proposed
optimal MPC controller. The controller is capable of tracking the desired
trajectory with acceptable accuracy. The feedback control experiments also
verified the robustness of the MPC controller in resisting disturbance by
introducing an abrupt change in WFS.
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